Abstract: Carbon pool assessments in forests is one of the most important tasks of forest ecology. Despite the wide cultivation range, and economical and traditional importance, the aboveground biomass of European larch (Larix decidua Mill.) stands is poorly characterized. To increase knowledge about forest biomass accumulation and to provide a set of tools for aboveground biomass estimation, we studied a chronosequence of 12 larch forest stands (7-120 years old). From these stands, we measured the biomass of 96 sample trees ranging from 1.9 to 57.9 cm in diameter at breast height. We provided age-specific and generalized allometric equations, biomass conversion and expansion factors (BCEFs) and biomass models based on forest stand characteristics. Aboveground biomass of stands ranged from 4.46 (7-year-old forest stand) to 445.76 Mg ha −1 (106-year-old). Stand biomass increased with increasing stand age, basal area, mean diameter, height and total stem volume and decreased with increasing density. BCEFs of the aboveground biomass and stem were almost constant (mean BCEFs of 0.4688 and 0.3833 Mg m −3 , respectively). Our generalized models at the tree and stand level had lower bias in predicting the biomass of the forest stands studied, than other published models. The set of tools provided fills the gap in biomass estimation caused by the low number of studies on larch biomass, which allows for better estimation of forest carbon pools.
Introduction
In the age of climate change, many ecologists focus their studies on carbon cycling in the biosphere [1] [2] [3] . Among terrestrial ecosystems, forests are one of the most important carbon reservoirs, accumulating globally ca. 2.4 ± 0.4 × 10 15 g C year −1 [4] . Thus, their role in the mitigating effects of climate change is important [4] [5] [6] . As climate change will result in changes to tree species' physiology [7, 8] and distributions [8] [9] [10] , adaptation strategies need to be incorporated into forest management. For proper planning of increasing carbon sequestration by forests and calculation of their ability to mitigate climatic change, there is an urgent need to provide accurate carbon assessment tools.
Precise estimation of carbon pools in forest ecosystems are a necessary base for further activities. As carbon content in plant tissues is relatively constant, most inventories focus on biomass estimation [11] [12] [13] [14] . For that reason, accuracy of biomass assessment is crucial for carbon reporting. Different countries use different approaches to country-scale carbon assessment, differing in inventory level (tree or stand level) and accuracy [15] . According to the Intergovernmental Panel on Climate Change (IPCC) guidelines [16] , carbon assessment may be based on generalized coefficients. This may lead to underestimation or overestimation of carbon pools in forest stands. For that reason, IPCC recommends usage of locally-fitted models of biomass estimation wherever it is possible.
Materials and Methods

Study Sites and Material
To cover the whole chronosequence of L. decidua forest stands, we chose 12 forest stands in total, one from each 10-year-age class, ranging from 7 to 120 years old (Table 1) . We searched the Forest Data Bank [43] to find monocultures or forest stands with volume proportion of L. decidua over 70% (within the particular forest compartment). All forest stands grew in managed forests and originated from artificial regeneration. After preselection we consulted local forest inspectorates to exclude stands in which any thinning was performed in the last five years or any damaging agent affected forest stand structure within the last five years. These circumstances allowed for the separating of these potential impacts on biomass crop and allocation. Within each forest stand we established a study plot covering at least 100 trees of L. decidua. Plot size varied from 0.06 to 0.60 ha to maintain the minimal number of measured trees. Sample forest stands grew in mesic or rich forest sites, mostly occupying haplic soils. All plots were located in lowlands and highlands of Western and Southern Poland (49 • 43 11"-54 • 14 24" N; 14 • 46 12"-19 • 6 36" E), in a zone of transition between maritime and continental temperate climate. 
Methods
We conducted our study from July to September 2016 and 2017. Within all study plots we measured diameters at breast height (DBH) of each tree and tree heights (H) of at least 20% of the trees, chosen proportionally to DBH classes. For each plot we determined forest stand density (N), basal area (BA), mean height weighted by tree basal area (H g ), total stem volume (V) and age (A). We used H g instead of mere mean height, to provide more robust height estimation at the tree stand scale, which is used in biometric studies, e.g., [20, 21] . After measurements, we divided trees into nine quantiles and we selected trees at the borders of each quantile as sample trees (8 sample trees per plot) to ensure good representation of all DBH classes. In total, we harvested 96 sample trees, with DBH ranging from 1.9 to 57.9 cm and height from 2.7 to 39.5 m. Each sample tree was cut and divided into stem, merchantable branches (at least 1 m of branch with diameter >7 cm), small branches with foliage and dead branches. We weighed branches with foliage in the field (fresh biomass) and then took samples (at least 5% of their total fresh mass) and divided it into foliage and branches in the laboratory, to assess for dry weight. Sample tree length was measured using a tape after felling. From merchantable branches we took wood and bark samples >0.5 kg. We measured two perpendicular stem diameters for each 1 m length of stem bole (at 0.5 m, 1.5 m and 2.5 m, etc.) to obtain stem volume. Then we divided the stem into three equal-length sections and from the middle of each section we cut a 10-15 cm thick disc. In the field we measured two diameters of discs (maximal and perpendicular to maximal) and thickness in four places (at the points of diameter measurements) to calculate disc volume. We also weighed fresh mass of the discs. In the lab we divided discs into stem wood and stem bark to assess proportion of these components in biomass. This approach is sufficient for proper density estimation, i.e., provides similar accuracy as assessment based on sections cut each 1 m [44] . We also checked that this approach was correct on two of our sample trees, from which we cut discs each 1 m, to ensure that these conclusions [44] may be transferred to L. decidua. We found no difference in density estimation based on discs cut each 1 m and three discs cut at 1/6, 1/2 and 5/6 of stem length Samples of all material were oven-dried to a constant mass (75 • C) in the laboratory. Then, plant material was weighed with an accuracy of 1 g. Using proportions of dry and fresh masses of samples and total fresh masses of tree components obtained in the field, we calculated total dry mass of each tree component (Table S2) . We calculated dry stem mass using proportion between disc and stem section volumes and disc dry mass. As biomass of dead branches and cones strongly varied across study sites and growing seasons, we decided not to analyze them separately, but to incorporate them into aboveground biomass. We prepared a dataset comprised of the following biomass components: SB-stem bark biomass, SW-stem wood biomass, BR-branch biomass, FL-foliage biomass, ST-stem biomass, mABW-merchantable aboveground woody biomass, ABW-aboveground woody biomass, AB-total aboveground biomass. To assess carbon content in stem wood, stem bark, branches and foliage we analyzed three samples of stem wood and bark, and one sample of foliage and branches from each sample tree. This produced 64 samples per study plot (24 of stem wood, 24 of stem bark, 8 of foliage and 8 of branches). We determined carbon content with an ECS CHNS−O 4010 Elemental Combustion System (Costech Instruments, Cernusco sul Naviglio, Italy; Valencia, CA, USA) and CHNS/O Analyser 2400 Series II (Perkin Elmer, Waltham, MA, USA).
Data Analysis
All analyses were performed using R software [45] . We calculated heights of each tree using the measured heights of 20% of the trees in each forest stand and site-specific Naslund's models from the lmfor::ImputeHeights() function [46] . For each study plot and biomass component we calculated these ten regression models [21] :
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where W-dry mass of the considered biomass component (kg), DBH-diameter at breast height (cm), H-height (m), DBH 2 H-pseudovolume (m 3 ). Using Akaike's Information Criterion (AIC) we choose the best fitted model among them. Moreover, we developed a set of generalized equations, using all sample trees. Although study design could influence the model, we decided to use a simpler approach (non-linear models) instead of models with mixed effects (e.g., [47, 48] ) to increase model applicability. For comparison of other published models' transferability to our data, we used observed versus predicted values scatterplots and Nash-Sutcliffe efficiency (NSE):
where n-sample size, y i -i-th observed value of y,ŷ i -i-th predicted value of y, y-mean of y.
As reference values (observed) at the tree level we used measured biomass of trees and at the stand level-stand biomass calculated using stand-specific tree-level equations. Although these values are not exact measurements of forest stand biomass, we treated them as the most reliable approximation of stand-level biomass, similarly to other authors, e.g., [12, 15, 17, 21] . For that reason, our study does not compare overall accuracies of the models, but their performance on our dataset. To compare transferability of allometric tree-level models we reviewed published AEs for L. decidua (Table S1 ). Among 49 AEs found we excluded all equations based on root collar diameter or developed for young forest stands (12 provided by Pajtík et al. [37] ), as these stands showed the most different patterns of biomass allocation which did not fulfill the criteria for young forest stands [21] . We also did not compare equations for whole crown biomass provided by Rubatscher et al. [49] as we did not estimate this component separately. We also excluded AEs for belowground parts of trees, as our dataset did not include them. From the study of Usol'tsev et al. [50] , who provided two types of models-for six species of Larix pooled together and for L. decidua and L. sukacewii, we chose the latter, as more specific. We also chose the best models given in the cited studies. Therefore, after verification, we used 23 allometric equations for further analyses. To avoid extrapolation bias, we decided to apply the functions to particular trees when the range of dimensions fit into the range from 20% of minimal and 120% of maximal dimension. Thus, only 19 AEs fulfilled these criteria and were compared in terms of differences in biomass predicted by our generalized AEs and published AEs. For stand-level biomass analyses we calculated biomass conversion and expansion factors (BCEFs) as BCEF = W/V, where W-dry mass of the considered biomass component (Mg ha −1 ) and V-total stem volume of trees (m 3 ha −1 ). We prepared stand-level estimators for the four most important biomass components-AB, BR, FL and ST. We tried to elaborate multiple regression models for forest stand biomass and BCEFs using forest stand parameters, however, analysis of AIC and variance inflation factors revealed that models with one predictor were the best choice. Variance inflation was high due to intercorrelation of the variables used, as all of them are age-dependent. For that reason we decided to present only these models (Equations (12)- (15)), which allow calculation of forest stand 
where z-forest stand characteristic (forest stand density, height, total stem volume or age), a, b and c-model coefficients and e-base of the natural logarithm. We also used these models (Equations (12)- (15), with W instead of BCEF) to predict relationships between forest stand characteristics and biomass. We chose the best models using AIC. For comparison of model quality, we presented AIC of BCEFs and stand biomass models and AIC 0 -AIC of the null model (intercept only). We compared our stand level AB estimations using both BCEFs and biomass models (based on V and on H g ) with those provided by Teobaldelli et al. [24] and by IPCC. For biomass calculation using BEF (biomass expansion factors, m 3 wood of whole tree m −3 merchantable wood) we used the following formula:
where BEF-biomass expansion factor, V m -merchantable volume of the tree and ρ-wood density.
As ρ we applied 0.474 Mg m −3 [52] .
Results
Allometric Equations and Biomass Allocation
Site-specific allometric equations explained from 90.7% to 99.5% of variation in AB biomass, depending on study site (Table 2 and Table S3 ). For BR, FL and ST, coefficients of determination varied from 0.793 to 0.990, from 0.737 to 0.982 and from 0.94 to 0.991, respectively. Generalized allometric equations developed using all sample trees explained from 92.4% to 98.8% of variation in biomass of components studied, with the exception of FL (78.5%, Table 3 ). For each component studied, models based on only DBH explained lower amounts of variance and had higher RMSE (root mean square error) than those based on both DBH and height. Stem and total aboveground biomass equations showed better performance than those for branches and foliage (Table 4) . Analysis of residual distributions ( Figure 1 ) showed good fitness for most of the equations. The highest heteroscedasticity was noted for SB, BR and FL models. Abbreviations: a, b and c-model coefficients, SE-standard error, RMSE-root mean square, AB-total aboveground biomass, BR-branch biomass, FL-foliage biomass, ST-stem biomass; models for other biomass components are given in Table S2 . (Table 3) . Line indicates 1:1 proportion-lack of difference between observed and predicted biomass. Biomass components: SB-stem bark biomass, SW-stem wood biomass, BR-branch biomass, FL-foliage biomass, ST-stem biomass, mABW-merchantable aboveground woody biomass, ABW-aboveground woody biomass, AB-total aboveground biomass.
Analysis of biomass allocation along a forest stand age gradient ( Figure 2 ) revealed a quick decrease of foliage mass proportion-from 15% in the 7-year-old stand to c.a. 2% in forest stands older than 50 years. Similarly, proportion of branches decreased from 35% to c.a. 5% in older forest stands and proportion of stem increased from 50% in the 7-year-old forest stand to 90% in forest stands older than 60 years. Analysis of biomass allocation along a forest stand age gradient ( Figure 2 ) revealed a quick decrease of foliage mass proportion-from 15% in the 7-year-old stand to c.a. 2% in forest stands older than 50 years. Similarly, proportion of branches decreased from 35% to c.a. 5% in older forest stands and proportion of stem increased from 50% in the 7-year-old forest stand to 90% in forest stands older than 60 years.
Figure 2. Proportion of foliage (FL), branches (BR), stem (ST) and woody aboveground (ABW)
biomass in total aboveground biomass (AB) along the forest stand age gradient. Box boundaries represents interquartile range, line inside the box-the median, whiskers-minimum and maximum and dots-outlying observations (outside 1.5 interquartile range).
Comparison of Generalized and Published Allometric Equations Fitness
Our literature review resulted in 19 allometric equations that we were able to compare with our models. Analysis of comparison with original data revealed that some published equations (with the exceptions of FL, BR and mABW AEs) underestimated biomass of our sample trees (Figure 3) . 
Our literature review resulted in 19 allometric equations that we were able to compare with our models. Analysis of comparison with original data revealed that some published equations (with the exceptions of FL, BR and mABW AEs) underestimated biomass of our sample trees (Figure 3) . Moreover, the trends of equations differed among different authors. In the cases of BR and FL AEs, all estimates showed a wide range of deviations from original data: NSE ranged from −3.28 to 0.82 and from −3.06 to 0.67 for BR and FL, respectively. The lowest difference was found in models provided by Forrester et al. [18] . AEs of Rubatscher et al. [49] , Minerbi and Cescatti [39] and Forrester et al. [18] showed overestimation of these biomass components. In the case of mABW we found the highest consistency between our generalized AEs and the model provided by Tabacchi et al. [53] , with NSE of 0.97. However, their model slightly underestimated AB (but NSE = 0.97). Models of Gasparini et al. [38] and Usol'tsev et al. [50] were the best predictors of our sample tree AB biomass (NSE of 0.95 and 0.98, respectively), whereas the model proposed by Forrester et al. [18] underestimated AB (NSE = 0.84). Only AB models elaborated by Rubatscher et al. [49] provided a small overestimation (NSE = 0.97). However, this model was the best fit among other published models. Overall, our generalized AEs showed lower deviations from original data and lower heteroscedasticity than published equations (with NSE of 0.98, 0.91, 0.76 and 0.99 for AB, BR, FL and ST, respectively). Analyzing origin of published models, we did not find a geographic pattern in differences of biomass estimates. 
Biomass Accumulation and BCEFs as a Functions of Forest Stand Parameters
L. decidua forest stand biomass was strongly positively correlated with total stem volume, height and basal area ( Figure 4 , Table 4 ). AB and ST had the highest correlations with these predictors and FL had the lowest. The weakest predictor of all analyzed biomass components was forest stand density. Biomass of AB, BR and ST increased with increasing forest stand parameters with the exception of FL. The latter was increasing only between the first two data points (7 and 17 years old forest stands) and then the model curve reached a plateau. The only parameter negatively correlated with biomass was forest stand density. 
L. decidua forest stand biomass was strongly positively correlated with total stem volume, height and basal area ( Figure 4 , Table 4 ). AB and ST had the highest correlations with these predictors and FL had the lowest. The weakest predictor of all analyzed biomass components was forest stand density. Biomass of AB, BR and ST increased with increasing forest stand parameters with the exception of FL. The latter was increasing only between the first two data points (7 and 17 years old forest stands) and then the model curve reached a plateau. The only parameter negatively correlated with biomass was forest stand density. and basal area (Figure 4, Table 4 ). AB and ST had the highest correlations with these predictors and FL had the lowest. The weakest predictor of all analyzed biomass components was forest stand density. Biomass of AB, BR and ST increased with increasing forest stand parameters with the exception of FL. The latter was increasing only between the first two data points (7 and 17 years old forest stands) and then the model curve reached a plateau. The only parameter negatively correlated with biomass was forest stand density. Table 4 .
Analysis of BCEF revealed that the young (7 years old) forest stand represented outstandingly higher BCEF than the others (BCEF for AB of 0.5716, BR 0.2722, FL 0.0838), thus all analyses were conducted for 17-120 years old forest stands ( Figure S1 ). The exception was lower BCEF for ST (0.2574). Excluding the 7-year-old forest stand, BCEFs for AB were almost constant with the change of forest stand parameters ( Figure 5 , Table 5 ). BCEFs for ST were slightly increasing and for BR and FL were significantly decreasing with increasing forest stand age and dimensions. The best predictors (except for total stem volume) of BCEFs were forest stand age and height, and the worst were basal area and density. Analysis of BCEF revealed that the young (7 years old) forest stand represented outstandingly higher BCEF than the others (BCEF for AB of 0.5716, BR 0.2722, FL 0.0838), thus all analyses were conducted for 17-120 years old forest stands ( Figure S1 ). The exception was lower BCEF for ST (0.2574). Excluding the 7-year-old forest stand, BCEFs for AB were almost constant with the change of forest stand parameters ( Figure 5 , Table 5 ). BCEFs for ST were slightly increasing and for BR and FL were significantly decreasing with increasing forest stand age and dimensions. The best predictors (except for total stem volume) of BCEFs were forest stand age and height, and the worst were basal area and density. Table 5 . Abbreviations: AB-total aboveground biomass, BR-branch biomass, FL-foliage biomass, ST-stem biomass; age-forest stand age (years), BA-basal area (m 2 ha −1 ), D-mean diameter (cm), H g -mean height weighted by tree basal area (m), N-forest stand density (ind. ha −1 ), V-total stem volume (m 3 ha −1 ).
Comparison of Stand Level Biomass Models
Analysis of accuracy of our and published models for biomass estimation at the stand level revealed that height-based models and estimation using BCEF models provided the lowest biases ( Figure 6 , NSE of 0.81 and 0.99, respectively). Approaches recommended by IPCC and Schepaschenko et al. [41] provided overestimated biomass, which deviated the most in cases of the biggest forest stands (NSE of −0.86, −0.23 and 0.40, respectively). Models provided by Teobaldelli et al. [24] provided lower overestimation of L. decidua biomass (NSE of 0.77 and 0.99, for age-and volume-based models, respectively). Our model based on forest stand heights underestimated biomass in almost all cases. We found the lowest deviations from observed values for our BCEF model and growing stock volume-based models of Teobaldelli et al. [24] . 
Carbon Content
Carbon content in samples differed across tree components and forest stand age (Table 6 ). However, the rate of carbon content increase was low (but statistically significant for all components with the exceptions of bark and fine branches)-from 0.003% (bark) to 0.007% (foliage) per year within the chronosequence studied. Mean carbon content was 49.435 ± 0.037% in stem wood, 51.933 ± 0.091% in stem bark, 51.332 ± 0.084% in fine branches and 49.805 ± 0.123% in foliage. Carbon content for whole tree weighted by share of biomass component ranged from 49.48% (76-year-old forest stand) to 50.74% (106-year-old forest stand), with an average of 50.134 ± 0.099%. 
Discussion
Accuracy of the Tree-Level Models
Our generalized tree-level models showed good performance for most of the biomass components studied. Their quality was comparable to generalized equations provided by Muukkonen [54] . However, comparison of our models with generalized equations elaborated by Forrester et al. [18] revealed that the latter models underestimated AB, ST and (slightly) ABW. This may result from combining allometric equations with different quality. A Czech study of young forest stands [55] showed high deviation from our models for SB and SW. In the cited study stem biomass Figure 6 . Aboveground biomasses calculated by our models, published models of BCEFs [24] , BCEFs recommended by Intergovernmental Panel on Climate Change (IPCC) guidelines [16] and Schepaschenko et al. [41] , compared with observed biomasses (calculated using plot-specific equations). Line indicates 1:1 proportion.
Carbon Content
Carbon content in samples differed across tree components and forest stand age (Table 6) . However, the rate of carbon content increase was low (but statistically significant for all components with the exceptions of bark and fine branches)-from 0.003% (bark) to 0.007% (foliage) per year within the chronosequence studied. Mean carbon content was 49.435 ± 0.037% in stem wood, 51.933 ± 0.091% in stem bark, 51.332 ± 0.084% in fine branches and 49.805 ± 0.123% in foliage. Carbon content for whole tree weighted by share of biomass component ranged from 49.48% (76-year-old forest stand) to 50.74% (106-year-old forest stand), with an average of 50.134 ± 0.099%. 
Discussion
Accuracy of the Tree-Level Models
Our generalized tree-level models showed good performance for most of the biomass components studied. Their quality was comparable to generalized equations provided by Muukkonen [54] . However, comparison of our models with generalized equations elaborated by Forrester et al. [18] revealed that the latter models underestimated AB, ST and (slightly) ABW. This may result from combining allometric equations with different quality. A Czech study of young forest stands [55] showed high deviation from our models for SB and SW. In the cited study stem biomass was estimated using narrow discs (2 cm), which could also affect the biomass assessment. Another explanation is narrower range of sample tree diameters, which resulted in different biomass allocation patterns [29, 56, 57] . This may be especially significant in for overestimation of BR and FL by AEs derived in the Alps [39, 49, 53] . We found similar deviations between specific results for a ST model from an experimental site in the USA [58] . We found the highest consistency with observed biomass in models from Italy [53] and all of Eurasia [50] . The highest variability and the lowest coefficients of determination were found for models of foliage and branch biomass. We observed this trend both in our models, in L. decidua models provided by other studies, as well as in other species [19, 21, 36] .
Our study also revealed carbon content lower than 51%-a value provided by IPCC guidelines [16] . Although our results were within the uncertainty range provided by IPCC (from 47% to 55%), using the proposed mean value (51%) we overestimated carbon content in stem wood, which is a main component of forest stand biomass. For example, in a 68-year-old forest stand, 1% overestimation of carbon content is equal to 1.66 Mg C ha −1 and in a 106-year-old stand, is equal to 4.06 Mg C ha −1 .
Accuracy of Stand-Level Biomass Models
Our study provided a comprehensive set of tools for tree-and stand-level biomass estimation of L. decidua. Although previous AEs allowed for reliable estimates, the new models increased their accuracy. However, the most important improvement occurred at the stand level. Previous approaches provided by IPCC [16] and Teobaldelli et al. [24] resulted in overestimation of biomass. Models provided by Teobaldelli et al. [24] overestimated, on average, 18.0% and 32.3% for V-based and age-based BEF models, respectively. Applying BCEF values for boreal Larix from IPCC guidelines resulted in an average of 71.5% higher biomass and for temperate coniferous excluding Pinus-an average of 91.8% higher biomass. Some studies provide BCEF values lower than those provided by IPCC [21, 41] . However, applying the lower value of the range provided by IPCC to temperate coniferous species resulted in mean underestimation of biomass by an average of 19.9%. This wide range of uncertainty highlights the need for providing locally-fit models. This tendency was also reflected in the study of Schepaschenko et al. [41] , who found high-level geographic variability of BCEFs values across climatic gradients in Russia. The high variability of BCEFs provided by IPCC is most probably connected with its wide range of geographic origin: among eight source studies one comes from China, one form Japan, one from Australia, four from USA and one from Germany. For that reason, IPCC BCEFs do not have good fits for European forests. The differences may also result from different methods of forest stand volume estimation in previous studies, e.g., based on forest stand volume tables.
Influence of Forest Stand Parameters on Biomass Estimation
Analyses of biomass changes along increasing forest stand parameters revealed quick biomass increments of BR and FL in the youngest forest stands. Increments of AB and ST were not so dynamic in the first twenty years. In the case of BCEFs the youngest forest stand in our dataset was an outlier. This is connected with quick decreases of leaf and branch proportions in biomass in the first ten years of tree growth [13, 57, 59] . Similar results were reported for Pinus sylvestris L. [21] and Betula pendula Roth. [22] , as well as for chronosequences of other species, regardless of pooling them together or treating them separately [24, 60] . For that reason, BR and FL models were more biased than ST and AB, at both the tree and stand levels. However, excluding the youngest plots, models providing biomass estimation based on forest stand features had good quality. Biomass was mostly correlated with forest stand dimensions. In almost all cases age and density (parameters not strictly correlated with dimensions) were the worst predictors of biomass. BCEFs for AB and its main component-ST-were almost constant across forest stand characteristics, excluding the youngest forest stand. This trend was also reported by other studies (e.g., [24, 60, 61] ). The most likely reason is that when stem mass fraction increases with increasing tree dimensions, it becomes the main component of the tree, and BCEF value tends to wood density.
In contrast to other forest stand parameters, forest stand density was negatively correlated with BCEFs and biomass. During growth of forest stands, initial densities decrease due to management thinning and self-thinning processes. These changes which accompany stand development influence tree diameters at breast height, tree heights, diameters and lengths of tree crowns, and diameters and lengths of branches, thus they influence vertical and horizontal stand structure. Silviculture at variable stand densities may also lead to changes in biomass allocation to aboveground and belowground parts of trees and these changes may by influenced by light demands of particular tree species. Although initial forest stand density affects forest stand productivity and biomass allocation of P. sylvestris forest stands [33, 62] , we did not find this pattern in the studied L. decidua forest stands. Castedo-Dorado et al. [20] presented stand-level biomass estimation for six tree species (including three conifers: Pinus pinaster Aiton, P. radiata D. Don and P. sylvestris), and found that forest stand density was the weakest predictor of forest stand biomass. It may be connected with the trade-off in usage of resources between trees in dense and sparse forest stands-the same amount of light allows for growth of more trees with thinner trunks or fewer with thicker trunks, and also influences belowground biomass [41] . Thus, it is also possible that trees growing in lower density stands invest more resources to belowground biomass (e.g., to coarse roots) for mechanical stability than to aboveground biomass for better capture of light. Moreover, on soils with similar growth potential (available resources), total aboveground biomass of trees may be lower in more sparse stands than in dense stands, however biomass partitioning in the aboveground parts of trees may be similar.
Conclusions
Our study provided a comprehensive overview of the tree-and stand-level assessments of aboveground biomass estimation for L. decidua. We updated the state of knowledge about biomass accumulation and carbon sequestration by this important tree species. We also showed that most of the previous studies underestimated the biomass of L. decidua. Our models performed better than other European AEs and stand-level estimation methods. The set of tools provided by our study fills the gap in biomass estimation caused by the low number of studies on L. decidua biomass, which allows better estimation of forest carbon pools. For stand-level estimations we recommend usage of volume-based models; however, if the stand volume is not known, the biomass may be estimated using height-based models. At the tree level we recommend usage of our site-specific models, but only when range of trees dimensions is similar to range of sample trees used for developing the particular model. Otherwise usage of generalized equations would provide more robust estimations.
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